Vol-10 Issue-5 2024 IJARIIE-ISSN(O)-2395-4396

Forecasting and Categorization
of Cardiac Arrhythmia using Soft
Computational Approaches

Dr. Sivaprakash. C
Department of Artificial intelligence and Machine Learning
Sri Sairam College of Engineering
Anekal, Bangalore
Email:shivadesk@gmail.com

P.Ramkumar
Department of Artificial intelligence and Machine Learning
Sri Sairam College of Engineering
Anekal, Bangalore
Email:ramkumarkohila@gamil.com

Abstract

Health is extremely crucial in the existence of humans, and each part of the human body plays a substantial function in
maintaining a well-being lifestyle. Arrhythmia illness is a severe issue in the heart. This disease must be recognized
early and preventative measures implemented. Despite remarkable advancements in the medical field, heart arrhythmia
remains a difficulty for medical practitioners. As a result, it must be carefully classified in order to diagnose the signs of
this condition, which may assist the medical practitioner in treating the patient in an avoidable manner. Despite
numerous studies, there are not enough methods available to classify arrhythmias accurately. As a result, this study
developed a data mining approach known as K-Nearest Neighbour (KNN) to classify cardiac arrhythmia disorder. This
proposed approach yields a beneficial result of 98.1% accuracy and 93.2% precision.
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1.Introduction

Individuals' cardiovascular health is jeopardised when they have arrhythmia, a medical illness characterised by
irregular heartbeats. This study digs thoroughly into the complexity of arrhythmia, investigating its causes, kinds,
symptoms, diagnosis, and the multiple treatment options currently available. The persons having more awareness about
arrhythmia disease are better able to recognise the symptoms, seek immediate medical attention, and take preventative
measures to keep their hearts healthy.

An irregular heartbeat is a symptom of arrhythmia, and the presence of aberrant stimulating indications in the heart
that disrupt the organ's regular rhythm is categorized as a dysfunction [8]. When this occurs, the electrical system present
in the heart, which is in charge of synchronising the muscle contractions of its chambers, suffers, resulting in irregular or
abnormally rapid cardiac pulses. Arrhythmias are irregular heartbeats that can affect either the atria (the heart's upper
chambers) or the ventricles (the heart's lower chambers), decreasing the heart's ability to adequately pump blood [9][10].
Atrial fibrillation, ventricular tachycardia, and bradycardia are examples of common arrhythmias. Bradycardia is a cardiac
condition that is characterized by abnormally slow heart rate, often below 60 beats per minute on average. Bradycardia is
cause for concern when it causes symptoms or impairs the heart's ability to pump blood effectively. While certain
individuals, like sportsmen, may possess an inherent sluggish heart rhythm that poses no issues, bradycardia can be
worrisome when it leads to symptoms. Despite the expansion of various sectors worldwide, this particular ailment
continues to pose challenges for early diagnosis by all experts. Consequently, a soft computing method is suggested to
identify this condition beforehand.

Tachycardia is one form of arrhythmia distinguished by an abnormally fast heart rate that frequently exceeds 100
beats per minute. Tachycardia that is persistent or repeated can be concerning because it can create symptoms as well as
complications. Although transient increases in heart rate in reaction to physical exertion or mental stress are regarded
acceptable, chronic or recurring tachycardia should be taken seriously. As a result, this form of sickness must be classified
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using cutting-edge technologies. This arrhythmia disease will be classified using a machine learning system. This
technology will assist professionals in readily classifying diseases from the healthiest humans.

Artificial intelligence (Al) is employed in the majority of investigative examinations, where it assumes a pivotal
position in information extraction. Researchers and academics are prone to mistakes during their research or when trying to
make connections between different terrains. This complicates their ability to handle particular challenges [11]. In such
instances, machine learning algorithms are trained using labelled datasets to forecast or categorize new occurrences. This
method has been demonstrated to be efficient in different fields and has resulted in notable enhancements in system
effectiveness and machine development. The characteristics employed by machine learning algorithms to depict data
instances can be uninterrupted, grouped, or two-valued. In contrast to unsupervised learning, where instances are not
labelled, supervised learning tasks are frequently necessary in numerous machine learning applications. The current
literature has focused on the methods needed to achieve this. This work focuses on classification problems where the
output of instances accepts only discontinuous and unordered values. It has also incorporated several mentions to
groundbreaking investigation that sparked the particular field of study being examined. Machine learning can be observed
in data pre-processing and characteristic assortment. There are logic and symbolic methodologies furnished

2. Literature Review

G.K. Prasad et al [1] outlined the use of artificial neural networks (ANN) and wavelets to correctly classify ECG
arrhythmias. The suggested approach is resistant to interference and can differentiate between regular sinus rhythm and 12
different forms of arrhythmias. Despite using all 13 arrhythmia types from the MIT-BIH dataset, the average accuracy of
identification (96.79%) was similar to that of alternative methods. Alongside the RR interval data, this set of characteristics
is a subset of the DWT coefficients produced using the 'Sym6' wavelet. The authors employ a progressive neural network
with two hidden layers and employ sigmoid activation parameters for all neurons. The network is trained using the
backpropagation algorithm at moderate learning rate and momentum levels.

An efficient and reliable technique for classifying cardiac arrhythmias was presented by Sanjay Tanaji Sanamdikar et
al. [2]. This method involved extracting properties from ECG signals using a generic sparsed neural network (GSNN).
Different kinds of ECG beats are chosen using the MIT-BIH dataset, and the ECG signal is filtered by calculating the
signal-to-noise ratio. Attaining the highest rate of effectiveness, the precision level of arrhythmia diagnosis is 98%. The
presented method of identifying and predicting arrhythmias using GSNN would be more successful in identifying
arrhythmias than previous methods. Forecast and classification efficacy will be improved by the proposed system.

Kavyshree B[3] and colleagues discussed the utilization of machine learning to forecast cardiac arrhythmia. Arrhythmia
refers to a state where the heart beats in an irregular or abnormally fast or slow manner. The study examines the crucial
elements that are examined during the usual pattern phase of a heartbeat, known as the ECG signal durations and their
associations with each other. Based on these factors, the research recommends utilizing machine learning algorithms to
forecast irregular heart rhythms.

Komal S.[4] and colleagues showcased their utilization of machine learning algorithms and methodologies to classify
heartbeats using electrocardiogram (ECG) data.. The authors go over numerous approaches for preprocessing ECG data,
extracting features, and employing various types of classifiers for automatic heartbeat categorization. The intention of this
analysis is to enhance the correctness of detecting heart irregularities, which is critical for diagnosing and treating
cardiovascular disorders. Also, this study and analysis mentions a hybrid model that blends genetic algorithms and decision
trees to improve arrhythmia classification accuracy. The authors evaluated the functionality of the suggested model using
the UCI arrhythmia dataset and reported sensitivity, specificity, and average sen-spec measures.

Karthik.D [5] et al suggested an approach based on machine learning that uses electrocardiography (ECG) data to
predict cardiac arrhythmia. Because manual interpretation by doctors is a time-consuming and tiring process, the authors
emphasize the importance of automated methods for detecting abnormal heart conditions from ECG data. The suggested
approach utilized the Random Forest (RF) algorithm and achieved an accuracy rate of 98%. The Hermite function was also
presented as a method for extracting characteristics, and higher-order statistics (HOS) were utilized to improve the
characteristics in the support vector machine (SVM) classifier approach. Moreover, a unique classifier technique known as
the optimal path forest classifier (OPF) was introduced.

Saira Aziz and her group demonstrated how electrocardiogram (ECG) signals can be employed to identify heart
ailments and irregularities. In numerous cases, cardiovascular conditions can be detected by examining the fluctuations in
ECG readings, which include P, QRS complex, and T waves. However, variations and abnormalities in ECG
interpretations can cause spikes, which must be eradicated for accurate analysis. In order to analyse ECG data, the paper
proposes a new technique that makes use of the fractional Fourier transform (FrFT) and two-event related moving averages
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(TERMA). Effectiveness-wise, the suggested approach outperforms the state-of-the-art methods. The application of
machine learning algorithms for automatically categorising heart diseases based on estimated peak intervals, other ECG
signal characteristics, and intervals between various peaks is also being investigated in this research. More over 10,000
patients from the Shaoxing People's Hospital (SPH) database were used to train the machine learning model that was
suggested; this made it more useful for classification.

Abhinav Vishwa et al. emphasized the need of using electrocardiogram (ECG) data to diagnose heart problems. The
electrocardiogram signals are composed of P waves, QRS complexes, and T waves, denoted by the capital letters P, Q, R,
S, and T. The shape, duration, and connection of the P wave, QRS complex, and T wave components, as well as the R-R
interval, are the main features examined during the normal heartbeat phase of a cardiac cycle. Changes in these indicators
suggest a heart condition that could be caused by anything. Arrhythmia refers to any irregular beat phase, and some
arrhythmias are extremely harmful to the patient.

3. Design and Implementation

KNN Classification

Among the supervised learning methods, K-nearest neighbour is a useful classifier. A fresh data set is categorised using
this method based on the maximum vote of its nearest neighbour. A distance metric that utilizes Euclidean distance,
Manhattan distance, and the Minkowski distance method calculates the distance between closest neighbors. The quantity of
neighbors is indicated by the K value.

If the K value is exceedingly low, the results will be less stable. However, increasing the K value allows to upsurge the
inaccuracy while still obtaining steady results. Consequently, in the present study, the K value is determined through
experimentation to prevent overfitting. Figure 2 illustrates a visual depiction of the KNN algorithm. K-Nearest Neighbor is
a direct machine learning model in the realm of Supervised Learning Algorithm.[12][13][15]. The K-NN algorithm
prioritises the new case to the group that most closely resembles the current groups based on its assumption of similarity
between the new instance and the available data. By classifying new data points according to similarity, the K-NN
approach keeps all of the current data. put out a machine learning-based technique that uses electrocardiography (ECG)
data to predict cardiac arrhythmia. This means that with the K-NN algorithm, new data can be conveniently classified into
an appropriate group [14]. The K-NN method is most commonly used for classification, while it can be applied to both
regression and classification. K-NN makes no assumptions regarding the underlying data because of its non-parametric
character. Due to its slow learning from the training set, it is sometimes referred to as a lazy learner algorithm. In its place,
the dataset is saved and used for classification. During the training phase, the KNN algorithm merely keeps the dataset and
adds new data to a group that shares a lot of similarities with the older data.

The separation between two endpoints is indicated by the equation (1) provided in this manner. x1, x2 and y1, y2
represent the x and y coordinates of the x and y points, respectively. The Random Forest approach surpasses the other
methods, particularly the KNN technique, but the SVM method performs satisfactorily.
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Figure 1. Process of KNN algorithm

The separation between two endpoints is indicated by the equation (1) provided in this manner. x1,x2 and y1,y2
represent the x and y coordinates of the x and y points, respectively. The Random Forest approach surpasses the other
methods, particularly the KNN technique, but the SVM method performs satisfactorily. The evaluation takes into account
the correctness, exactness, retrieval, and F1-measure. More summaries can be collected in the coming days utilizing an
automatic tool.

VO —x)2 4 (2 —31)2 (1)
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The provided equation computes the distance between two endpoints using recently acquired data. If the distance is
insignificant compared to other distance measurements, the freshly obtained data should be included in the cluster.

SVM Classification

The latest supervised machine learning method is Support Vector Machines (SVMs). Hence, alongside giving a
concise outline of SVMs, we will mention some newer investigations and notable advancements published prior to the
works in this research. It has been demonstrated that by enlarging the gap and establishing the utmost feasible distance
between the dividing hyperplane and the examples on both sides, the maximum threshold on the anticipated generalization
error can be lessened [16]. When two categories can be linearly distinguished, an ideal separating hyperplane can be
achieved by minimizing the squared size of the separating hyperplane. Consequently, the quantity of characteristics
existing in the training set does not affect the complexity of the model in an SVM. Therefore, Support Vector Machines
(SVMs) are appropriate for learning tasks with a significant number of characteristics in comparison to training instances
[17][18]. Notwithstanding the fact that the most notable difference enables the SVM to choose from a wide array of
possible hyperplanes, the SVM may encounter difficulties in finding a discerning hyperplane for numerous datasets due to
incorrectly classified examples. Nevertheless, the majority of practical scenarios lack data that can be effectively separated
by a hyperplane. One strategy to distinguish positive instances from negative ones in the training set is to convert the data
into a space with a higher number of dimensions and establish a separating hyperplane there.

This higher-dimensional region is known as the converted feature space [19], which is different from the input
domain of the training samples. Any consistent training set can be partitioned using a appropriately chosen converted feature
space of appropriate dimensionality. A linear division in the transformed feature space corresponds to a non-linear division
in the original input domain. In the feature space, classification points. As the fundamental function determines the modified
characteristic area in which the examples of the training set will be classified, selecting the suitable fundamental function is
crucial. It is customary to estimate various potential parameters before performing cross-validation on the training set to find
the best one. As a result, the slow training speed is one of the disadvantages of SVMs. Choosing fundamental configurations
is similar to deciding the number of hidden nodes to use in a neural network.

X4

Figure 2. Process of SVM algorithm

Even if the designer is not aware of which training data attributes are being used in the kernel-induced transformed
feature space, a Support Vector Machine (SVM) will function as long as the kernel function is legitimate. Without the need
for additional matrix storage or the use of any numerical QP optimization steps, Sequential Minimal Optimisation (SMO) is
a straightforward method for addressing the SVM QP problem quickly. SMO breaks the general QP problem down into
smaller issues. Finally, unlike other search methods like neural networks, the SVM's training optimization problem must
achieve a global minimum rather than a local minimum. Because SVM approaches are binary in nature, a multi-class
problem must be transformed into a sequence of binary classification problems. Discrete information presents another
obstacle, however, by appropriately adjusting the scale, one can achieve satisfactory outcomes.

Random Forest Classification

The random forest classifier is composed of several tree classifiers that produce a random vector that is chosen separately
from the input vector. Every tree determines the unit value of the most common class in order to classify an input vector.
The Gini Index is a metric for selecting attributes that measures the purity of an attribute based on the classes chosen by the
algorithm.
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Figure 3. Process of random forest algorithm

4. Results and Discussions

The table beneath provides a summary of the different capabilities of the KNN algorithm using performance
indicators. When KNN is utilized for categorization, it achieves a precision of 80.67%. Figure 4 displays the evaluation of
the KNN technique in classifying arrhythmia disease. The measurements mentioned in table 1 have been considered for its
analysis.

Table 1. Performance of KNN Algorithm

S.No. | Performance metrics | Performance (%)
1 Accuracy 80.67
2 Precision 80.3
3 F-Score 80.01
4 Recall 80.4

Figure 4 demonstrates that by utilizing the KNN technique, the precision has been established to be 80.6%. The
accuracy was determined using confusion matrix measurements.

Performance(%)
80.8
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M ——Performance(%)
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Figure 4. Performance analysis of KNN

Figure 4 demonstrates that by utilizing the KNN technique, the precision has been established to be 80.6%. The
accuracy was determined using confusion matrix measurements.

Table 2. Confusion matrix of performance measure
N=Number of Predictions Real: No | Real: Yes
Expected: No TN FP
Expected: Yes FN TP
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The attached table 2 illustrates a confusion matrix of performance values. In this table, the performance variables TP,
TN, FP, and FN refer to true positive, true negative, false positive, and false negative, respectively. The performance
assessments and benchmarks for the Support Vector Machine algorithm are displayed below. In equation (2), 'x' signifies
the magnitude of the vector, which will be indicated as |[x||. The norm of the value with regard to its vector will be (x1, x2,
X3,...... Xn) measured as

IXII= /202 + 252 + 232 + ez (2)
The vector direction will be measured as
— X1 X
O o i ®3)
TEINIET

The SVM algorithm's efficiency, along with its efficiency metrics, are displayed in table 3 underneath.

Table 3. Performance of SVM Algorithm

S.No | Performance metrics | Performance (%)
1 Accuracy 85.37
2 Precision 84.2
3 F-Score 83.61
4 Recall 82.34

The accuracy of SVM is 85.37%, according to the table above. It stated that when compared to KNN, its performance
is slightly superior. Since KNN reported an accuracy of 80.67%. However, SVM has provided more than KNN.
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Figure 5. Performance Analysis of SVM algorithm

Figure 3 indicates that the SVM algorithm has an accuracy of 85.37. When compared to KNN, this algorithm produced
more credible results in view of its performance analysis.

Analysis of KNN with SVM
In relation to tables 1 and 3, the following table 4 explains the performance comparison of KNN and SVM.

Table 4 Comparison analysis of KNN and SVM

S.No | Performance KNN SVM
Metrics (%) (%)

1 Accuracy 80.67 85.37

2 Precision 80.3 84.2

3 F-Score 80.01 83.61

4 Recall 80.4 82.34

24949 ijariie.com 485



Vol-10 Issue-5 2024 IJARIIE-ISSN(O)-2395-4396

86 7
85 4
84 +
83 4
82
81
80
79
78 +
77

B KNN Performance(%)
M SVM Performance

Accuracy | Precision | F-Score Recall

1 2 3 4

Figure 6. Performance analysis of KNN with SVM

The preceding table 4 addressed the performance analysis of SVM with KNN algorithm to classify the heart
arrhythmia disease. The graph below depicts the graphical depiction of the performance analysis.

Figure 6 illustrates a graphical depiction of the evaluation of SVM and KNN. The blue bar and red bar in the image
represent the performances of KNN and SVM, respectively. SVM surpassed KNN in all performance measures.

Random Forest Algorithm

This technique incorporates many decision trees that accept input from the dataset and produce output. The most
likely outcome will be considered as an output in this scenario. The random forest classification approach is explained
below.

Mij = Nj Cj— Nieft Cleft — Nright Cright @4)

In the aforementioned equation (4),'m," Cieft, and Crighe denote the node's importance, impurity value, left side sub tree,
and right-side sub tree, respectively.

The arbitrary woodland method has been employed to diagnose irregular heartbeat conditions, as demonstrated in
table 5.

Table 5. Performance of random forest

S.No | Performance Performance
Metrics (%)
1 | Accuracy 99.1
2 Precision 94.2
3 F-Score 93.61
4 Recall 96.34

The preceding table 5 demonstrated the assessment of the random forest algorithm's effectiveness. According to this
algorithm, the random forest technique surpassed both KNN and SVM in terms of precision. Figure 7 showcases the
examination of the random forest algorithm's effectiveness. Figure 7 depicts the assessment of the random forest method. It
demonstrates that the precision of the random forest algorithm is 99.1%. Therefore, this approach outperformed the rest of
the algorithms (as stated in table 6).

Table 6 depicted the comparison study of several classifiers. Regarding the numerical values in the table, the RF
algorithm produces a greater degree of accuracy compared to other classifiers, as shown in figure 8.
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Figure 7. Performance analysis of Random Forest Algorithm
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Figure 7 demonstrates that the RF algorithm outperformed other classifiers according to their performance parameters
such as accuracy, precision, F- Score, and recall.

Table 6. Comparison of performance of KNN, SVM, RF algorithm

S.No | Performance KNN SVM RF
Metrics (%) (%) (%)
1 Accuracy 80.67 85.37 99.1
2 Precision 80.3 84.2 94.2
3 F-Score 80.01 83.61 93.61
4 Recall 80.4 82.34 96.34
100
gg EKNN
40 Performance(%)
20 mSVM
0 > c Performance(%])
g % RF Performance
§ ¢ 2
1 2

Figure 8 Comparative of performance analysis of KNN, SVM, RF algorithm

The above figure 8 demonstrated the performance of different algorithms. Among the different algorithms RF provides
more performance than other algorithms.

5. CONCLUSION

This paper discussed the prediction and classification of arrhythmia disease using a dataset. This paper utilized
information from a dataset to categorize by employing various machine learning methods like KNN, SVM, and RF. After
exposing the base data to a KNN for the first time and assessing its performance, the data was again exposed to an SVM
classifier. SVM was found to outperform KNN based on performance measures that were examined for both models. Last
but not least, the RF algorithm was fed the dataset and its performance assessed. KNN, SVM, and RF algorithm
performance indicators were compared and analysed. In this analysis, RF provided 99.1% accuracy, which is considerably
superior than KNN and SVM. Consequently, the RF technique outperformed other machine learning classifiers in terms of
accuracy, as stated in this article.
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